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Abstract
The rise of generative AI has transformed many fields, in-
cluding networking. While generative AI is already used
for network management and operation, little was done to
fundamentally change the way we use the web. In this paper,
we make the case for reimagining the web in the age of AI.
With just minor changes to HTTP, we demonstrate that web
content can be distributed as prompts turned into content
on end user devices. This new small world web (SWW) of
AI reduces storage demands and network load, and has the
potential to improve Internet sustainability over time.

CCS Concepts
• Information systems→World WideWeb; • Networks
→ Network protocols; • Computing methodologies→
Artificial intelligence; • Hardware → Power and energy.
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1 Introduction
Have you ever experienced that sense of déjà vu online? It’s
the feeling you get when every food delivery menu looks
exactly the same, and every travel blog seems to describe the
same hiking trail.
A lot of the web content that we see is generic. Either

purposefully, using stock images, or unintentionally, using
boilerplate text to create website pages. While some of this
content is useless, other is useful but plain. Plain enough
that even a simple generative AI (GenAI) model can create
it. So possibly we should let AI create it?

This work is licensed under a Creative Commons Attribution-ShareAlike 4.0
International License.
HotNets ’25, College Park, MD, USA
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2280-6/2025/11
https://doi.org/10.1145/3772356.3772420

In this paper, we propose that by using GenAI to generate
content from prompts on end-user devices, we can save stor-
age space and data transmission, and potentially improve
sustainability. Our focus is not on the AI and content genera-
tion, but rather on the underlying networking protocols and
the changes required to support a shift to edge-generated
web content.

Researchers are already exploring GenAI for networking
(e.g., [27, 31, 35, 37, 59]). Additional work focuses on content
generation, including for webpages (e.g., [4, 26, 30, 54, 55,
60]). However, to truly benefit GenAI, we need to redesign
aspects of the Internet.

In this paper, we make the following contributions:

• We introduce a concept for a world wide web enabled
by GenAI and explore the potential benefits.

• We propose a modification to HTTP to support GenAI-
enabled web pages, and introduce a prototype imple-
mentation of client and server side.

• We evaluate our prototype’s image and text generation,
measuring its compression ratio, energy efficiency, and
content similarity. Our results reveal current benefits
and potential future gains.

GenAI is still in its infancy but rapidly developing. While
technology is not ready yet for full deployment, this work
proposes a pathway forward and predicts a future where
user-tailored content is generated at the edge, leading to a
scalable and sustainable small world web of AI.

2 SWW: Reimagining WWW
In a world where GenAI is already used to turn events into
summarized bullet lists, and prompts into generated images,
videos and sound, there is a need to adjust the web to the
changes in content and its use. Our insight is that GenAI
can be used to reduce the data transmitted over the network,
storing and sending less bits from servers to users.

2.1 Basic Usage
As an example of a simple use case, assume visiting a travel
blog webpage. The page will include some generic text about
traveling and a few stock images of landscapes. It may also
include some unique content, such as the details of a specific
hiking route or pictures taken during the hike. Currently, the
entire text will be sent from the server to the user, as well as
image files (e.g. jpeg files).
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In a re-imagined web page, the server stores a baseline
webpage with prompts that should be used to generate con-
tent. Only unique content, such as pictures from the specific
hike, are stored on the server and all other content is turned
into prompts. Route-specific text is either kept as is, or turned
into bullet points that can be used in a prompt to generate
the relevant text without loss of information. When a user
requests the webpage, the server sends the baseline webpage,
along with the prompts. On the user side, the browser parses
the incoming webpage, and uses the prompts to generate
the content on the user’s device. Unique content files are
fetched, same as today, and presented to the user.

The example above demonstrates three potential benefits:

• Reduced network load - with the majority of content
transferred being text-based rather than media, the
amount of data transferred over the network is re-
duced, and the overall load on the network infrastruc-
ture is lower.

• Reduced storage requirements - web servers will need
to store only the prompts required to generate content
rather than the content itself.

• Improved sustainability - with less stored and trans-
ferred content, there are potential energy and carbon
savings to be made.

We explore and evaluate the potential benefits in §6.

2.2 Content Distribution Networks
We identify Content Distribution Networks (CDNs) as a place
where SWW is likely to have a large impact. The reason is
the replication of content across sites that leads to increased
storage demands. By moving to storing prompts rather than
storing content, CDNs can reduce storage requirements.
Currently, one of the limitations for an immediate adop-

tion of SWW is the ability of end user devices to generate
content from prompts quickly and with high quality (§6).
CDNs allow an intermediate solution: media is sent from
the content provider to caching locations or edge servers as
prompts, and only the prompts are saved at the edge. At a
request of a user, the edge server uses the prompt to gener-
ate the content and sends it to the requester. This approach
maintains the storage benefits, but loses data transmission
benefits. There’s also a potential energy and carbon emis-
sions trade off when running at the edge or on end-user
devices, which we consider in §6.
While so far we discussed content generation, another

option is content upscaling, such as turning small images
into large, high resolution ones. By using content upscaling,
the storage requirements of unique content can be reduced
as well. Content upscaling is also usually faster than content
generation, with sub-second inference [58].

2.3 Personalized Content
Generating content on end-user devices also means that
there is an opportunity to generate personalized content
on these devices. The generation algorithm can use as an
input information about users’ background, preferences and
hobbies and create content that is likely to increase the user’s
engagement with the website or the product.
This personalized approach is likely to very attractive,

however it has a potential for harm, not only from malicious
actors but also by creating an echo chamber and amplifying
other online harms [19, 20, 22]. We therefore highlight this
as a major concern as an element that needs to be addressed
prior to deployment. We urge the wider web community to
consider the harms of personalized content in SWW.

2.4 Supporting SWW
Enabling support for SWW requires a relatively small set of
changes. First, the communication protocol needs to support
the functionality. In §3 we demonstrate this can be done
with a minor modification to HTTP. Second, webpages need
to be modified to indicate and support content generation.
We suggest some ideas for implementation in §4. Last, the
webserver and client (e.g., web browser) need to be modified,
which is discussed in §5.

Our prototype implementation1, which supports all of the
above, required less than a thousand lines of code.

3 Modifying HTTP
To demonstrate SWW, we modify HTTP/2 [11, 52] to sup-
port advertising of client-server capabilities. To this end, we
leverage the SETTINGS frame that allows peers to exchange
configuration parameters during connection setup.

The SETTINGS frame is defined in RFC9113 [52]. It affects
the entire connection, not just the stream it is sent across.
Each entity stores the latest settings it receives from its peer
and uses them to structure appropriate messages across all
streams. The Settings structure consists of a 16-bit setting
identifier and a 32-bit value for the setting. HTTP/2 defines
six reserved SETTINGS parameters, such as MAX_FRAME
_SIZE and MAX_CONCURRENT_STREAMS, with develop-
ers able to add additional settings. A SETTINGS frame is
acknowledged by an empty settings frame with an ACK flag,
otherwise the connection is void and treated as PROTO-
COL_ERROR. A recipient receiving an unrecognized setting
ignores it, meaning that recipients without GenAI capabili-
ties can continue to operate as before.

In our prototype, we add a new setting value, SETTINGS_
GEN_ABILITY (0x07). This setting informs the recipient of

1Available at https://github.com/ox-computing/SWW-AI
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a sender’s ability to implement client-side content genera-
tion. The identifier is 0x07 (as the first unreserved value, for
prototyping purposes) and the value is set to 1.

In any case other than both server and client having SET-
TINGS_GEN_ABILITY set to 1, default (unsupported) behav-
ior will be assumed. In an exchange between a participat-
ing entity (supports extension) and non-participating entity
(does not support extension), the participating entity will fall
back to default as it realizes the other does not support the
extension. The non-participating entity will remain naïve
and continue to communicate over normal HTTP/2.

While currently a binary value is used to indicate support
or lack of support, the 32-bit field can be used negotiate more
complex support options, such as upscale-only.

3.1 HTTP/3
The initial choice to use HTTP/2 rather than HTTP/3 [13]
was due to the relative ease of modifying and deploying it
and its upper layers. Moreover, our initial design assumed
that more complex changes would be required in the protocol
and client/server, which would have been harder to support
in HTTP/3. Since HTTP/2 still accounts for about 50%-60%
of web traffic [12, 15], this was a reasonable assumption.

Still, as HTTP/3 adoption is increasing, future SWW will
require HTTP/3 support. We believe that similar use of SET-
TINGS under HTTP/3 can allow to advertise client-server
GenAI capabilities.

3.2 Video Streaming
Video streaming protocols, such as HTTP Live Streaming
(HLS) and MPEG-DASH, run on top of HTTP. The proposed
modifications to HTTP for web pages can be applied also to
negotiate generation abilities also for video streaming.
Experimenting with the generation of video on end user

devices is not in the scope of this work. Beyond technological
considerations, legal constraints should also be considered
(e.g., agreements with professional guilds [3]).

Quick and semantically correct generation of complete,
long videos on user devices is still some time away. However,
frame rate boosting, e.g., from 30fps to 60fps, is a likely early
use case. Client-side video upscaling, including frame rate
boosting and resolution improvement, is already available
using GPU features like NVIDIA’s RTX Video Super Res-
olution [42] or AMD’s Fluid Motion Frames [7]. However,
client-side upscaling is currently not a feature visible to the
content provider.

In SWW, client devices can negotiate with the video server
generation abilities before content is sent, similar to web
pages. Sending content at a lower frame rate or lower reso-
lution has a direct effect on data savings: moving from 60fps
to 30fps will half the data, and from 4K to high definition

can save 2.3× data, turning 7GB/hour into 3GB/hour [41].
The evaluation of this approach is left for future work.

4 Webpage Design
We consider several aspects of webpage design for SWW.
First, how should the webpage itself be changed, demon-
strated through a change to html. Second, how should web-
pages be generated at scale, and third, mechanisms for easing
adoption and deployment.

4.1 HTML Parser
To support generated content, we add in our prototype a class
called generated content which has two fields: content-type
and metadata. Content-type identifies the type of generated
content, currently supporting either “img” or “txt”. Metadata
is a json dictionary used to store metadata needed to generate
the content. Examples of metadata fields include the prompt
or width and height for images. These metadata fields vary
between different types of content.

The HTML Parser extracts the metadata and passes the in-
formation to a media generator object, alongside a preloaded
image generation pipeline, in order to generate the actual
content. Once content is generated, the divisions in the
HTML are replaced with accurate paths to images, or the
actual body of text for text expansion tasks. The choice to
preload the image generation pipeline from a library (for
example, a Diffusers library) is for performance optimiza-
tion. Since it is a large object, it would otherwise need to be
repeatedly deleted and reloaded within the media generator
every time it is invoked.
The media generator has two roles: parsing the passed

metadata and invoking content generation using the parsed
information. The media generator has two generation sub-
routines, one to generate text and the other to generate im-
ages. In our prototype, the text-to-text models are accessed
by sending requests to the Ollama API [16] using the re-
quests library. The text-to-image models utilize Hugging
Face’s Diffusers Library [53].
An example of an HTML page before and after content

generation is shown in Figure 1. Before (top) the HTML
page contains the prompt required to generate a cartoon
goldfish image, and after (bottom), it contains the pointer to
the generated jpeg file.

Figure 1: Top: HTML div before processing. Bottom:
HTML div after processing.
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4.2 Webpage Creation and Conversion
One bottleneck to rapid adoption is the number of webpages
that already exist and require conversion in order to support
SWW. The answer to this challenge is, unsurprisingly, AI.
More specifically, using GenAI to turn image and text into
prompts. A simple script that goes over a webpage can iden-
tify content, call a media converter to turn the object into
a prompt, and replace the existing object with a generated
content object.

While the approach above is useful and efficient, it has two
limitations. The first is the quality of the conversion and the
second is identifying which content should be converted and
which is unique and should remain untouched. A promising
step toward the first is prompt inversion, which generates
prompts from images with the goal of maintaining high
fidelity in the re-generated images [39]. We believe that the
quality of conversion will improve over time, and in the
short-term human intervention may be required to audit
conversion results – a webpage editor.
An easy way to identify content that can be generated

is by adding a dedicated feature to content management
systems (CMS) and webpage builders. The feature would tag
every content item as generatable or unique. This one-bit
flag will be associated with every linked file. Text blocks can
be similarly tagged. Webpage templates can have different
default values for conversion tags.

On websites where content is often updated, moving from
unique content to SWW will be rapid with new items being
tagged for generation or not. Such sites, however, are likely
to contain a lot of unique content (e.g., news items). Web-
sites that contain more static content, such as companies’
websites or blogs, are expected to gradually move to SWW,
likely when they upgrade their content management system,
which is often a tedious process that requires reviewing all
webpages, regardless of the proposed feature. It is expected
that some webpages will not be updated, and will retain their
original, unmodified, content. Such pages, however, are less
likely to be cached or frequently accessed.

5 Client and Server Design
5.0.1 Browser Integration. Support of SWW will require
browser support. Our development started by examining sup-
port through a Chrome extension. However, this attempt was
dropped for several reasons, the primary one being lack of
hardware access. Extensions run in a sandboxed environment
restricting GPU usage and memory, which are both essential
for generative models [25]. Another reason was lack of li-
braries support, as extensions rely on JavaScript/WebAssembly,
which are incompatible with Python-based libraries like Py-
Torch and Diffusers. A third reason was security constraints

in extensions that restrict system calls, file access, and net-
work operations required for inference. Last, even with We-
bAssembly, lack of CUDA/DirectML access would signifi-
cantly slow down inference.
As a middle ground, integrating the system into a cus-

tom Chromium [46] build was also considered. This would
provide greater resource access and deeper integration with
generative models. However, this approach also has major
drawbacks for prototyping, such as maintenance complex-
ity, high resource demands with computationally intensive
builds and extensive C++ dependencies, and security risks
requiring ongoing audits and patching.
Due to these challenges, both approaches were not used

for this prototype. Instead, a stand-alone application was
used to fetch and render content. Nonetheless, Chromium
integration remains a compelling option for future develop-
ment toward a fully generative browser.

5.1 Generative Server
A simple generative server was designed using the Python3
asyncio library [21] to handle asynchronous requests from
clients. This server is relatively simple and uses the H2 Li-
brary to communicate over traditional HTTP/2 with a client,
including handling SSL context, whilst allowing flexibility
over the individual settings frame. When clients connect, the
server negotiates the generative ability using the modified
HTTP/2 as discussed in §3. If the client’s generative ability is
confirmed, the server can serve the content in its generative
form as indicated by the client. If the ability is not confirmed
it will serve traditional content with no client-side generation
expected. A server can choose to serve traditional content
even if the client supports generative ability, for example to
provide higher performance or based on the availability of
renewable energy.

5.2 Generative Client
A generative client is slightly more complex than the server.
The prototype’s client relies on three main entities: a custom
HTML parser to process received pages, a PyQT Graphical
User Interface (GUI) for rendering sites, and the H2 connec-
tion library for managing connections to the server and the
modified protocol. The client provides website connection
functionality, rendering it for the user to interact with.
Typically, the generative client begins by establishing a

connection to the server, followed by exchanging settings,
advertising its generation ability and logging the server’s
ability. After this, the client can send a webpage request. As
the client receives the HTML file, it parses it and generates
content. Once parsing and generation are complete, the site
is rendered in the GUI.
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6 Early Days Results
We evaluate our prototype, trying to answer a few questions
regarding the benefits of moving to SWW today and in the
future. In particular, we address the following questions:

• What is the performance of the prototype?
• What is the quality of generated content?
• What are the storage and energy costs?

6.1 Evaluation setup
Our evaluation uses two machines: a laptop, representing the
client/end-user, and a workstation, representing an edge web-
server or a high-end client. The laptop is MacBook Pro, with
M1 Pro CPU, 16GB LPDDR5 and 16-core integrated Apple
GPU, FP16 precision, with no large text encoder/tokenizer
and requires attention splitting. The workstation uses AMD
Ryzen Threadripper Pro 5 CPU, with 128GB DDR5, two
NVIDIA ADA 4000 GPUs, FP16 precision, with a large text
encoder/tokenizer and no need for attention splitting.

6.2 Basic functionality and Performance
Basic functionality testing covered scenarios where both
client and server support generated content, only one side
supports generated content, and no side supports it. Except
for the first scenario, in all other cases the communication
defaulted to standard HTTP/2.

When the client does not support generative content, the
server uses the prompt to generate the content before send-
ing it to the client. This saves storage space, and avoids
saving two copies of content (prompts and original files).

A qualitative example of a generated webpage is provided
in Figure 22, with the original on the left and the generated on
the right. The original page is the result of a search through
Wikimedia Commons for “Landscape”, which triggers 1.4MB
of data for 49 images to be sent across the web.

The conversion process deployed an offline image-to-text
model based onGPT-4V (via OpenAI) to find detailed prompts
ranging from 120 characters to 262 characters. The con-
structed metadata was then sent over the modified HTTP/2
protocol and generated at the end host. As shown, the seman-
tic meaning of each picture is conserved over this process,
though the images are not identical.
Generating this page on the laptop took close to 310 sec-

onds, or 6.32 seconds per image. On the workstation, this
took around 49 seconds, or roughly 1 second per image,
which is still considerable. However, new models aimed at
speed turn generation into a real time experience [32].

A significant gain of this experiment was in data reduction:
instead of sending 1400kB of data as images, only 8.92kB
2Original search results photos by Simon Koopmann, Martin Falbisoner,
Pudelek, Petr Brož , Tomascastelazo, Basile Morin, Basile Morin, Dietmar
Rabich, Dietmar Rabich and Diego Delso. Used under CC BY-SA license.

Figure 2: Left: Original Wikimedia search results
for “Landscape”, Right: Locally Generated Wikimedia
search results for “Landscape”.

were needed, providing a compression factor of 157𝑥 . In a
worst case scenario, using maximum metadata size of 428B3,
the compression ratio is still 68𝑥 .
An experiment of a similar nature explored text genera-

tion, by sending a newspaper article. This experiment, which
at first resulted in a significant deviation in article length
(discussed next), has taken 41.9 seconds on the laptop, more
than ten seconds on the workstation, and provided 3.1×
compression, from 2400B to 778B.

6.3 Quality of Generated Media
Next, a quantitative analysis of text-to-image and text-to-text
was conducted. The analysis is provided here for indicative
purposes only: as time goes by better models are developed,
new fidelity metrics are introduced [17, 23, 24], and higher
quality results can be achieved. The choice to show these
results is in part to demonstrate the trade off in generation
quality and generation time.

6.3.1 Text to Image. Our prototype uses Stable Diffusion
3 Medium, providing a balance between computational re-
quirements and image quality. To evaluate the quality of
generated images, we use two common metrics, ELO score
and CLIP score4. ELO score [18] reflects the general opinion
of a user base on the ability of a model to generate high
quality images that adhere to the prompt. CLIP score uses
OpenAI’s CLIP model to measure similarity of an image to its
text prompt [29]. We use CLIP scores as a quantitative mea-
sure, and ELO scores using data from Artificial Analysis [8]
as a more qualitative metric.

Our evaluation compares a Stable Diffusion (SD) 3Medium
with SD 2.1 Base, SD 3.5 Medium, server-run DALLE-3. The
CLIP score is evaluated using small images of 224×224 pixels
with 15 inference steps.

The results, shown in Table 1, indicate that in terms of
user opinion (ELO score), DALLE 3, SD 3 and SD 3.5 have
relatively similar scores, with SD 2.1 performing significantly

3400B to the prompt, 20B to the Name, and 4B to each height and width.
4We note the absence of universally accepted quantitative metrics that
correlate well with human perception of image quality.

https://commons.wikimedia.org/wiki/File:Landscape_Arnisee-region.JPG
https://commons.wikimedia.org/wiki/File:Icelandic_Landscape_near_Neskaupsta%C3%B0ur_July_2014.JPG
https://commons.wikimedia.org/wiki/File:Swedish_landscape_near_Bj%C3%B6rnlunda_(by_Pudelek)_01.jpg
https://commons.wikimedia.org/wiki/File:Landscape_during_Laugavegur_hiking_trail_2-CA_reduced.jpg
https://commons.wikimedia.org/wiki/File:Large_cloud_over_Mexican_landscape.jpg
https://commons.wikimedia.org/wiki/File:Landscape_with_rainbow_and_the_Old_Bridge_over_the_Nam_Khan_river_in_Luang_Prabang_Laos.jpg
https://commons.wikimedia.org/wiki/File:Water_reflection_of_stringy_gray_and_white_clouds_in_a_pond_on_a_sand_beach_of_Don_Khon_at_sunrise_in_Laos.jpg
https://commons.wikimedia.org/wiki/File:D%C3%BClmen,_Kirchspiel,_Erdbeerfeld_--_2015_--_6492-6.jpg
https://commons.wikimedia.org/wiki/File:D%C3%BClmen,_Kirchspiel,_Erdbeerfeld_--_2015_--_6492-6.jpg
https://commons.wikimedia.org/wiki/File:D%C3%BClmen,_Kirchspiel,_Wiese_in_der_Bauerschaft_B%C3%B6rnste_--_2016_--_1523-9.jpg
https://commons.wikimedia.org/wiki/File:Volc%C3%A1n_Mi%C3%B1iques,_Chile,_2016-02-08,_DD_52-55_PAN.jpg
https://creativecommons.org/licenses/by-sa/4.0/
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Model ELO CLIP Laptop Workstation
time/step time/step

SD 2.1 688 0.19 0.18s 0.02s
SD 3 Med. 895 0.27 0.38s 0.05s
SD 3.5 Med. 927 0.27 0.59s 0.06s
DALLE 3 923 0.32 – –

Table 1: ELO & CLIP scores, with time per step on a
laptop and a workstation using 15 inference steps.

worse. For reference, the best performing model on the Arti-
ficial Analysis leaderboard at the time of writing was GPT-4o
with ELO score of 1166.

The CLIP scores of SD 3 and SD 3.5 are almost identical,
also when comparing laptop and workstation-based results,
and are about 16% worse than DALLE 3, with SD 2.1 about
40% worse. As a baseline, the CLIP score of a randomly gen-
erated image (no prompt) was 0.09. While SD 2.1 performs
poorly in terms of quality of generated content, it is signifi-
cantly faster than other models. Generation time also sets
apart SD 3 from SD 3.5, as it is 35% faster on a laptop and
13% faster on the workstation.

These trends remain as we scale inference steps from 10
to 60, with only minor changes to CLIP score and with gen-
eration time increasing linearly with the number of steps.
As image size is increased, generation time is increased on
the workstation relative to the number of pixels, but on
the laptop it grows significantly beyond that for images of
1024 × 1024, reaching 310 seconds.

6.3.2 Text to Text. Four text-to-text models were evaluated:
Llama 3.2, and DeepSeek-R1 1.5B, 8B and 14B. Three metrics
are used to measure the quality of a model’s text expansion
responses. First, Sentence BERT (SBERT) Score [48] provides
semantically meaningful sentence length embeddings, used
here to compare bullet points semantic similarity to the para-
graph of text. Second,Word Length Overshoot represents the
percentage of words above or below the requested number
of words. Finally, we measured content generation time.

All the models achieve SBERT mean scores ranging from
0.82 to 0.91, varying also with number of words. The over-
shoot in length reaches 20%, and while the mean of some
models is close to 1.3%, the 25th and 75th percentile are in
most cases over 10%. DeepSeek R1 8B, which is our model of
choice, has a consistently high SBERT score and small length
deviation across the data compared to smaller models like
DeepSeek R1 1.5B.

Generation time ranges from 6.98s to 14.33s on the work-
station, and from 16.06s to 34.04s on the laptop, but has only
a weak dependence on the length of the generated text, e.g.,
50 words text takes longer than 100 and 150 words text for
three of the models. The performance benefit of running on
a workstation is only 2.5×.

6.4 Compression and Energy
Table 2 shows the storage savings for different types of media,
by savings metadata rather than raw files, the generation
time of each element, using SD 3 Med and DeepSeek-R1
8B, and the energy required for generation. As the table
shows, the bigger the image, the higher image compression
ratio. However, generation time might be long. To put things
in proportion, sending a large image on a typical 100Mbps
link would take about ten milliseconds, while image genera-
tion on the workstation would take 620× longer. We assert
that moving to faster models, aimed at reducing generation
time [32, 33, 56], is required to support SWW.
At this point, one can compare the energy required to

transmit content to the data required to generate the content.
However, currently the network energy consumption is dom-
inated by static power that is not affected by network activity.
Therefore, in the near future, moving to SWWmay have lim-
ited effect on network energy consumption. To understand
the scope of network transmission compared to media gen-
eration, we use Telefonica’s 2024 energy consumption per
unit of traffic, which was 38MWh/Petabyte, or 0.038Wh/MB,
meaning that a large image would cost roughly 0.005Wh to
transmit, 2.5% of current workstation generation.

A different benefit of compression is the reduction of em-
bodied carbon. Storage devices have a high environmen-
tal toll [50], amounting to 6 − 7𝑘𝑔/𝐶𝑂2𝑒 per terabyte of
SSD [34, 38]. With exabyte scale storage [45], even modest
compression can save millions of 𝑘𝑔/𝐶𝑂2𝑒 .

7 The Long Road Ahead
Is It Worth It? Our evaluation results are not encourag-
ing: currently, generating content at the edge takes too long
and does not save energy. Still, we are optimistic that this
will change by the time standards and commercial products
support SWW. First, as AI models are evolving quickly, and
already some models perform better (CLIP, ELO) and gener-
ate faster than SD 3.5 Medium [33]. Second, the recent year
has seen a boost in the development of accelerators for infer-
ence tasks, as those are likely to improve consumer products
too. Last, content providers have strong incentives to move
to SWW model: significant storage space is saved, and with
generation done on client-side energy costs are lowered.

While the ratio of web traffic out of overall Internet traffic
is dropping, it is still significant. Web browsing from mo-
bile devices alone amounts for 2-3 Exabytes/month [51, 57].
Reducing this number by approximately two orders of mag-
nitude, as indicated in §6, will lower this number to tens of
Petabytes/month.
Next Steps The work presented in this paper is prelimi-
nary. Adding support for more protocols, such as HTTP/3,
is needed, as well as IETF standardization. Media generation
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Media Size[B] Metadata Compress. Laptop Laptop Workstation Workstation
[B] Ratio Gen.[s] Energy[Wh] Gen.[s] Energy[Wh]

Small Image (256×256) 8,192 428 19.14 7 0.02 1.0 0.04
Medium Image (512×512) 32,768 428 76.56 19 0.05 1.7 0.06
Large Image (1024×1024) 131,072 428 306.24 310 0.90 6.2 0.21
Text Block (250 words) 1,250 649 1.93 32 0.01 13.0 0.51

Table 2: Generation time and energy consumption for typical small, medium and large images and 250 words text.

models need to be continuously updated. Moreover, MCP [9]
was announced after work on the prototype has started, and
was not integrated yet. Adding browser support is a next step.
Model updates will likely be distributed as part of browser
updates. Negotiating models is another aspect to consider.
Generation on Mobile Devices To achieve maximum im-
pact, SWW requires generation on mobile devices. These
devices are resource constrained, aimed at low power con-
sumption, and often missing the required hardware acceler-
ation capabilities. However, a change is coming. Companies
such as Samsung [49], Apple [43], and Qualcomm [47] are
introducing acceleration solutions for on-device generative
AI. In parallel, significant AI research is focused on develop-
ing smaller, lighter and more efficient models for on-device
generation [5, 36, 61].
New Opportunities Some new opportunities arise from
SWW, ranging from browser design to efficient client-side
accelerators. One interesting aspect is that of stock photos,
as these will mostly become prompts. Possibly in a few years’
time we will see stock prompts companies emerge. The con-
version of vast amounts of existing web content to prompts
is another challenge, especially when information fidelity
needs to be preserved. In particular, identifying existing con-
tent that should not be AI generated is a challenge.
Ethics and Trust As mentioned in §2.3, there are significant
ethical concerns around the use of SWW and the generation
of personalized content. These need to be thoroughly studied.
However, even without SWW, personalized content may
be generated on the sender side, raising similar concerns.
Another question relates to copyrights, as a lot of content will
be reduced to prompts and then generated. Possibly content
sharing licenses will be updated to allow use on SWW.
The trustworthiness of generated data is another aspect

that needs to be carefully studied. This is not only a problem
of the generated content diverging semantically from the
original, but also of verifying generated content on end-user
devices. Such verification should be accompanied by other
mechanisms for trustworthy AI [10, 14].
Sustainability One of the original motivations for this work
was sustainability, as reducing data storage and transmis-
sion can lead to reduced carbon emissions. While our results
suggest that this currently is not the case for operational
emissions, there are other exciting opportunities. First, as
reducing storage space saves embodied carbon emissions.

Second, as traffic reduction on the network provides more
flexibility in cache placement, without breaching backbone
traffic constraints. While the main limitation to cache loca-
tion was often the latency to the user, in SWW the network
latency is a minor problem compared with other major chal-
lenges.

8 Related Work
Content generation is currently widely explored, including
in the context of generating web content, e.g., [30, 54, 55, 60].
AlDahoul et al. [4] explored generation of webpages images
using stable diffusion using existing alt-text in html pages.
Hassan et al. [26] explored compression ratio of images under
different generation conditions. Several works considered
the use of GenAI to increase webpage accessibility (e.g., [1,
28, 44]). Dinzinger et al. [19] surveyed ways to increase data
sovereignty on webpages related to use by GenAI. To the
best of our knowledge, no prior work addressed the network-
protocols aspect of webpages using GenAI.
The concept “Small World Web” was previously noted

in the context of small world networks, when studying the
world wide web [2, 6, 40].

9 Conclusion
This paper introduced SWW, using GenAI to recreate web-
pages media on end-user devices, reducing storage require-
ments and data transmission demands. The paper suggested
that with minor changes HTTP/2 can support SWW, and
shown an integration with HTML. Preliminary results in-
dicate that significant storage savings can be achieved, but
currently with high energy costs and long generation time.
The emergence of new low-power accelerator technologies
will make SWW a sustainable, efficient solution.
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